To reduce the uncertain influence of wind power and solar photovoltaic power on virtual power 11 plant (VPP) operation, robust optimization theory (ROT) is introduced to build a stochastic scheduling 12 model for VPP considering the uncertainty, price-based demand response (PBDR) and incentive-based 13 demand response (IBDR). First, the VPP components are described including the wind power plant (WPP), 14 photovoltaic generators (PV), convention gas turbine (CGT), energy storage systems (ESSs) and demand 15 resource providers (DRPs). Then, a scenario generation and reduction frame is proposed for analyzing and 16 simulating output stochastics based on the interval method and the Kantorovich distance. Second, a 17 bi-level robust scheduling model is proposed with a double robust coefficient for WPP and PV. In the 18 upper layer model, the maximum VPP operation income is taken as the optimization objective for building 19 the scheduling model with the day-ahead prediction output of WPP and PV. In the lower layer model, the 20 day-ahead scheduling scheme is revised with the actual output of the WPP and PV under the objectives of 21 the minimum system net load and the minimum system operation cost. Finally, the independent micro-grid 22 in a coastal island in eastern China is used for the simulation analysis. The results illustrate that the model 23 can overcome the influence of uncertainty on VPP operations and reduce the system power shortage cost 24 by connecting the day-ahead scheduling with the real-time scheduling. ROT could provide a flexible 25 decision tool for decision makers, effectively addressing system uncertainties. ESSs could replace CGT to 26 provide backup service for the WPP and PV, to smooth the VPP output curve and to improve the WPP and 27 © 2016. This manuscript version is made available under the Elsevier user license http://www.elsevier.com/open-access/userlicense/1.0/ PV grid connection by its charging-discharging characteristics. Meanwhile, IBDR and PBDR could 28 smooth the load curve to the maximum extent, link the generation side with the demand side to minimize 29 abandoned power value and reach the optimum benefit of VPP operation. 30
demand-price elastic, as equation (1) 
where s is index for time, s=1,2,……,T. 145
If the electricity price changes in diverse periods, customers could respond in two ways. The first way: 146 they could be only on or off in the case that some loads are not able to move from one period to another 147 (e.g., illuminating loads). Such loads have sensitivity in a single period called "self-elasticity", which 148 always has a negative value [30] . The second way: some consumption could be transferred from the peak 149 period to the off-peak or low periods (e.g., process loads). Such behavior is called multi-period sensitivity 150 and evaluated by "cross-elasticity", which is always positive [31] . The detailed mathematical description is 151 as follows: 152 1 
The introduction of PBDR changes power sale income. The PBDR cost PB t π is defined as the 159 power sale income difference before and after PBDR. 
, min , ,
Finally, the costs of DPRs participating in energy scheduling and reserve scheduling could be 178 calculated by Eq. (9). 179
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In Eq. (9), the first term is the cost of DPRs participating in energy scheduling. The second and third 180 3 VPP description and uncertainty analysis In the VPP, the output of the WPP and PV is stochastic, but system scheduling is pre-scheduling, 188 which has to achieve a determined system scheduling scheme before knowing the actual output of the 189 WPP and PV. To overcome the uncertainty of the WPP and PV, in day-ahead scheduling, we use a scenario 190 simulation method to determine the day-ahead prediction output result of the WPP and PV to determine the 191 day-ahead scheduling plan. In the hour-ahead scheduling, we use the real-time output of the WPP and PV 192 to revise the day-ahead scheduling scheme. The VPP can transfer part of the energy from some hours to 193 others according to the load demanded by the ESSs, which could improve market incomes, reduce power 194
shortage costs, and realize extra income. DPRs could participate in energy scheduling by transferring 195 power consumption periods and gain backup service income by participating in up/down reserve 196 scheduling. 197 
Uncertainty analysis 198
The VPP model has two sources of uncertainty, namely, the WPP output and the PV output. The WPP 199 on external weather, especially cloudiness. Therefore, to analyze the uncertainties, the probability density 201 functions (PDF) for the WPP output and PV output should be proposed. 202
WPP output 203
The stochastics of the WPP output depends on the stochastic nature of wind speed. Although wind 204 speed is intermittent in the short and long terms, the literature proves that the Rayleigh PDF could be used 205
as a proper expression model of wind speed behavior [35] . The Rayleigh PDF is also the special case of 206 the Weibull PDF, as shown in Eq. (10) 207
The probability of wind speed state v can be calculated by Eq. (11) 208 
PV output 212
The PV output mainly depends on solar irradiance. Literature [36] proves that the Beta PDF can be 213 used to describe the distribution of irradiance at a particular location. 214
The mean and standard deviation of the irradiance is introduced to calculate the parameters of the 215 Beta PDF by Eq. (12) and Eq. (13) as follows 216
. 
The detailed procedures 233 of the simulation method based on the interval method and the scenario tree technique can be found in 234 [29] . 235
The number of scenarios generated by the method above is huge and redundant, which is expensive 236 for solving the VPP scheduling model considering all simulation scenarios. Therefore, it is necessary to 237 construct a scenario reduction method to delete the scenarios with high similarity for saving computational 238 cost. The basic concept of scenario reduction is to choose a reference scenario, compare this scenario with 239 other scenarios, and remove the closest scenario. Here, the Kantorovich distance (K-distance) is introduced 240 to calculate the distance among the different scenarios under the objective function of the minimum 241 K-distance between the initial scenario and the reduced scenario. The scenario with the minimum 242 K-distance is deleted. The probability of a deleted scenario should be added to the reference scenario.
reduction model is described in [29] . To solve the model, the multi-stage heuristic algorithm is used, 245 referring to [37] . Fig. 3 
Scenarios reduction
• Calculating the Kantorovich distance between different scenarios • Deleting the scenarios with high similarity by judging the K-distance • Superposition the occurrence probability of deleted scenario to the scenario with the minimum K-distance • Getting the final simulation scenarios set 247 output are divided into the day-ahead prediction stage and the ultra-short-term forecast stage (hour-ahead 261 scheduling stage). In the second stage, the prediction can be regarded as the actual value of the stochastic 262 variables. After the division, the system can arrange the scheduling plan in advance and revise the plan 263 according to the actual value of the stochastic variable, which could reduce the stochastic influence of the 264 WPP output and PV output on system scheduling. 265
Based on the analysis above, we construct a bi-level stochastic scheduling model for the VPP 266 considering uncertainties and the DR. The upper layer model refers to the day-ahead scheduling model.difference between the prediction value and the actual value of the WPP output and PV output may be 270 large, in order to promote the adjustment capability of the VPP, IBDR is not considered in the upper layer 271 model. IBDR can be used for scheduling in the lower layer model to revise the day-ahead scheduling plan 272 after knowing the actual output of the WPP and PV. In the upper layer model, the maximum revenue of the 273 VPP operation is taken as the optimization objective function considering the system operation constraints, 274 e.g., supply and demand balance constraints, CGT operation constraints, WPP and PV output constraints, 275 especially the reserve service constraints. The time for day-ahead scheduling plan is sufficient. All 276 simulation scenarios can be considered for units scheduling schemes in each period. 277
In the lower layer model, the actual output of the WPP and PV are known, and the day-ahead 278 scheduling plan is revised according to the actual output. Because DRPs are generated by customers, if 279 they are scheduled in the layer model, the prediction for the DRPs output is necessary, which will generate 280 another uncertainty factor. Therefore, IBDR should be scheduled in the lower layer model to promote the 281 adjustment capability of the VPP. The DRPs output can also be scheduled without considering its 282 uncertainty. For the maximum utilization of the WPP and PV, the minimum system net load and the 283 minimum system generation cost power are taken as the objective functions, respectively. The first 284 objective function is used for the optimal operation of the ESSs and DRPs to achieve the maximum output 285 of the WPP and PV. The second objective function is used for the optimal CGT operation plan to achieve 286 the minimum generation cost. The DRPs are performing the scheduling in this model and can participate in 287 energy scheduling by load reduction and reserve scheduling by reserve capacity, which is better for 288 realizing the optimum system operation scheduling scheme. • Generation the stochastic scenarios using the interval method Proposed by literature[dd], calculate tHe weight of each scenario.
• Reduction the Scenarios with high similarity using the K-distance technology proposed in literature [dd] .
• Construction the PBDR model as shown in Eq. (1) 
max , 
, ,
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Where binary variable , 
, , 0 .
) PBDR operation constraints 318
Since load shifting and load curtailment can both occur in the PBDR, to smooth the load demand 319 curve, the load change produced by the PBDR should meet the following constraints 320 max , , , ,
(5) System reserve constraints 321
, .
Lower layer scheduling model 322
In the lower layer model, the actual output of the WPP and PV are known. The day-ahead scheduling 323 plan should be revised according to the actual output, especially the operation plan of the ESSs and CGT. 324
The IBDR produced by the DRPs is scheduled to provide up/down reserves. Two optimization objective 325 functions are utilized to revise the day-ahead scheduling plan, namely, the minimum system net load and 326 the minimum system operation cost. At time t-1 on the scheduling day, the lower layer model is used to(1) ESSs output revise model 330
The minimum system net load is taken as the optimization objective. The optimization goal of this 331 model is to improve the grid connection of the WPP and PV by adjusting the operation of the ESSs and 332 IBDR. Because DRPs are introduced in the lower layer model, the system can also utilize DRPs to provide 333 up/down reserves for the WPP and PV while revising the ESSs output plan. The details are as follows 334 
Where ( ) 
Where t′ is the index for time, 1 t t ′ = + . Then, when the DPRs are introduced, the system supply and 340 demand balance constraint should be revised as follows: 341 ( )
Then, like PBDR, the load curtailment produced by IBDR should also meet the maximum load 342 change constraints and the pickup/drop off rate of load, as shown in Eq. (37)-Eq. (39). The load 343 curtailment produced by IBDR is more flexible than PBDR, which could be regarded as a virtual 344 generation unit. The virtual generation unit should also meet the following constraints: 345
Where the binary variable , IB t u is the status of the IBDR operation: 1 means the IBDR in operation, 0 the 346 (2) DRPs operation revise model 348
The implementation of DR smooths the load demand curve and reduces the system power shortage 349 loss costs. But the cost of implementing DR affects the system. The optimization goal of this model is to 350 minimize the system operation cost. For a customer, the price of power consumption is the lowest when 351 the system operation cost reaches the minimum. Therefore, the minimum system operation cost is taken as 352 the objective function as follows 353
min .
The revised CGT's output should meet the following constraint: 354
The revised output and operation of the CGT and IBDR should also meet the constraints of Eq. (27) 
Assume that t H is the system net load calculated in Eq. (51). Then, 380
.
Combining Eq. (50) with Eq. (50), we obtain 381 
Eq. (53) shows that the inequality constraint becomes stricter when the influence of the stochastics is 382 greater. To ensure that the constraints meet the requirement when the actual output reaches the prediction 383 boundary, an auxiliary variable ( ) 
, , Compare The system reduces the WPP and PV output and increases the CGT output to minimize the system 513 scheduling risk, because the VPP operation risk mainly comes from the output stochastics of the WPP and 514 PV. According to Fig. 10 , from the aspect of the single robust coefficient effect, when WPP Γ or PV Γ is a 515 constant, as PV Γ or WPP Γ increases, the CGT output also increases. From the aspect of the double 516 robust coefficients effect, the CGT output change trend can be divided into three segments; when 0.3 Γ ≤ 517 the robust coefficient is small, which means the decision maker prefers risk, the slope of the CGT output 518 increase does not reach the maximum point. When
, the robust coefficient is large, which 519 means the decision maker hates risk, and the slope of the CGT output increase reaches the maximum point. 520
When 0.5 Γ ≥ , the CGT output is close to its upper limit. To make use of wind power and solar 521 photovoltaic power to improve the system scheduling benefits, the CGT output increase is smooth, that is, 522 robust optimization theory provides a decision tool for decision makers with different risk attitudes. 523
The bi-level optimization model results in benefits for the system by arranging pre-scheduling and 524 revising the output of the WPP and PV with their real-time outputs, which reduces the system power 525
shortage punishment cost and improve the VPP operation income. Robust stochastic optimization provides 526 a decision tool for decision makers with different risk attitudes. Therefore, the proposed bi-level stochastic 527 scheduling optimization model balances VPP operation risk and income, which is better than other 528 WPP and PV are reduced, which decreases the system power shortage punishment costs caused by the 531 stochastics of the WPP and PV. When their risk affordability is high, the output of WPP and PV is 532 increases, which can increase the income of the VPP operation, but the risk caused by the stochastic output 533 should be considered. as obvious as in PBDR and only increased by 0.01 MW. The peak-valley ratio is 1.39, which is bigger than 545 PBDR. The introduction of both PBDR and IBDR smooths the system load to the maximum extent, and 546 the peak load is reduced by 0.06 MW, whereas the valley load is increased by 0.05 MW. The peak-valley 547 ratio is 1.29 and reaches the minimum. In the day-ahead scheduling, the PBDR is conducive to smoothing 548 the demand load curve and increasing system backup service. In hour-ahead scheduling, the IBDR could 549 call the demand side to provide up/down reserves for VPP generation, which is conducive to improving the According to Table 2 , compared with Fig. 11 , the introduction of both PBDR and IBDR allows the 555 VPP operation result to reach the optimum. The customers' response to VPP optimization scheduling 556 reaches the maximum. The up/down reverse capacity provided by IBDR is 0.31 MW, which is more than 557 after introducing only IBDR. Therefore, the introduction of PBDR could promote IBDR to participate into 558 VPP scheduling and result in a more obvious load shifting effect. The valley load in this scenario is more 559 than the valley load in the scenario that only introduces PBDR, which means that IBDR improves PBDR's 560 load shifting effect. Therefore, PBDR and IBDR have a coordinated optimization effect, and the 561 abandoned energy of WPP and PV reaches the minimum, which is 0.718 MW·h and 0.262 MW·h, 562 respectively. Fig. 12displays Yuan/MW·h to 220 Yuan/MW·h step-by-step, whereas the down spinning reverse price has been increased 577 from 200 Yuan/MW·h to 500 Yuan/MW·h. From the overall trend, as the backup service increases, the 578 system reduces the up/down backup capacity provided by IBDR. To maintain the balance between the 579 demand and supply, the system still calls for backup service. Therefore, the backup service increases when 580 the prices of the up/down spinning reverse increases. But the speed of the system reducing backup service 581 capacity increases first and then decreases. When the speed reaches the inflection point, to realize system 582 optimal operation, the system prefers to bear part of the backup service cost to avoid the power shortage 583 punishment cost. Table. 3. 606 Therefore, to optimize VPP operation, more ESSs should be integrated into the VPP. ESSs charge 607 power in the peak load periods and discharge power in valley load periods, which smooths the load 608 demand curve. ESSs could replace the CGT to provide up/down reserve capacity for the WPP and PV by 609 their charging-discharging characteristics, which reduces the system generation cost. The VPP operation optimization result reaches the optimal when they are both introduced. From the aspect 631 of the demand load curve, both the ESSs and DR respond to the load demand distribution and have good 632 load shifting effect by charging-discharging power and providing up/down spinning reverse. When 633 introducing only the ESSs or DR, the peak-valley ratio is 1.34 or 1.29, respectively. When introducing 634 both, the peak-valley ratio decreases by 1.21. The load demand curve in different cases is given in Fig. 16 . curve. In peak load periods, the demand load decreases to improve the CGT backup service capacity. In 642 valley load periods, the demand load improves to increase the backup service capacity for the WPP and PV 643 grid connection. In this way, the introduction of DR achieves the objective of smoothing the VPP output. 644
When both the DR and ESSs are introduced, the VPP output curve is smoothed to the maximum extent. 645
The grid connection of the WPP and PV reaches the maximum. The abandoned energy of the WPP and PV 646 reaches the minimum. The income of the VPP operation reaches the maximum. , the decision maker has a good attitude toward risk, 657
which is a will to bear the risk of wind power and solar photovoltaic power uncertainty and gain high 658 income brought by wind power and solar photovoltaic power. When 0.5 Γ ≥ , the decision maker does not 659 wish to bear the risk of the wind power and solar photovoltaic power uncertainty, and the WPP and PV 660 output is reduced, which influences the VPP operation income. When 0.7 Γ > , the VPP needs to meet the 661 system load demand. If the WPP and PV output is decreased rapidly, the system may bear the power 662 shortage cost. Then, the system would slow the speed of reducing the WPP and PV output, which is in 663 accordance with the conclusion drawn from Fig. 10 . 664
Conclusions

665
The WPP, PV, CGT, ESSs and DRPs are aggregated in VPP in this paper. A robust optimization 666 model is introduced to build a bi-level stochastic scheduling optimization mode for the VPP. In the upper 667 layer model, a joint scheduling optimization model for the VPP and PBDR with the day-ahead prediction 668 result of the WPP and PV is proposed under the objective function of the maximum VPP operation income. 669
In the lower layer model, a model is constructed to revise the day-ahead scheduling scheme with the actual 670 output of the WPP and PV under the objective functions of the minimum system net load and the minimum 671 system operation cost. A case analysis is performed with the real data of an independent micro-grid on an 672 island in East China. The conclusions can be summarized as follows: 673
(1) The proposed bi-level optimization model helps the system make a pre-scheduling plan and revisesystem power shortage punishment cost and improving the VPP operation income. Robust stochastic 676 theory provides decision tools for decision makers with their own risk affordability. When their risk 677 affordability is low, the output of the WPP and PV will decrease, which would decrease the system power 678 shortage punishment cost. When their risk affordability is high, the output of WPP and PV will increase, 679 which could increase the income of the VPP operation, but the decision makers must address the risk 680 brought by the output stochastics. 681
(2) When both IBDR and PBDR are introduced, IBDR provides backup service for the WPP and PV. 682 PBDR guides customers to coordinate the VPP power generation scheduling, which could achieve the 683 linkage optimization between the power generation side and demand side. PBDR has good load shifting 684 effect. PBDR's effect to reduce the peak load is weaker than IBDR, but its effect to increase the valley load 685 is stronger than IBDR. The demand load curve is smoothed to the maximum extent if both PBDR and 686 IBDR are introduced. To optimize the VPP operation, the power price and reserve price should be ensured 687 according to the actual load demand, which would utilize PBDR and IBDR to the maximum extent. 688 (3) ESSs could coordinate the output of the WPP and PV by charging-discharging power. ESSs 689 charge power in the peak load periods, discharge power in the valley load periods, and charge less power 690 in flat periods, which could smooth the load demand curve. The ESSs could replace the CGT to provide 691 up/down reserve capacity for the WPP and PV by their charging-discharging characteristics. 692 (4) When both ESSs and IBDR are introduced into the VPP, also PBDR is implemented on the 693 demand side, the grid connection of the WPP and PV power and the VPP operation income reach their 694 maximum, and the abandoned power reaches the minimum. These results indicate that ESSs and DR have 695 a coordinated effect in achieving linkage optimization between the generation side and the demand side, 696 which helps the system to achieve the optimal scheduling scheme. 697 
Nomenclature
